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Abstract The multi-class support vector machine is commonly solved by decomposition to several binary support vec-
tor machines, which can bring complicated computation due to solving many quadratic programming problems. A multi-
class classification algorithm and its decomposition form based on linear programming are proposed according to one-
class classification idea in this paper, which can form a compact boundary about every single class sample by using ker-
nel function and accordingly obtain the aim of classification. Simulations are conducted on artificial three spiral data and
several real databases, which show that the proposed method can reduce the running time of program and guarantee

good classification precision.
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